Accurate modeling of exposure to volatile organic compounds (VOCs) over a large study population depends on proper characterization of concentrations in the indoor residential environment. However, owing to the high expense of field sampling campaigns for determining indoor air concentrations, such studies have only been conducted for limited populations. Therefore, there is a need to determine the degree to which results can be extrapolated to unstudied settings through the use of models, the most appropriate information required to do so and the potential errors associated with the use of sub-optimal information. The goal of this analysis is to evaluate three different source indicators used to predict indoor VOC concentration distributions for a new study population. Data from two field studies are used. For each data set, source strength, indoor-outdoor (I-O) difference and indoor/outdoor (I/O) ratio, collectively referred to as source indicators, are calculated and fit with distributions. These distributions, as well as distributions for air exchange, volume and outdoor concentrations for the new study population, are used for predicting indoor concentrations using Monte Carlo simulations, which are then compared with actual distributions. As expected, the source strength often provides the most effective predictions (11 out of 20 instances), but is slightly outperformed by, although is still comparable with, the I-O difference on some occasions (4 out of 20). The I/O ratio generally has the greatest prediction errors, given its dependence on outdoor concentrations, but performs optimally in a limited number of cases (5 out of 20). When deciding between the source strength and I-O difference, one must consider the availability and fidelity of both current and future data. On the basis of our findings, exposure-monitoring studies should report the distribution statistics for I-O differences and, if the data are available, for source strengths.
Introduction
Indoor air concentrations of a number of volatile organic compounds (VOCs) are often higher than outdoor concentrations (Clayton et al., 1999; Wallace, 2001; Adgate et al., 2004b; Sexton et al., 2004b) . This, in combination with the significant amount of time people spend indoors, results in indoor exposures having a greater impact on total exposure and potential health effects than outdoor air concentrations (Adgate et al., 2004a; Sexton et al., 2004a; Sax et al., 2006) . In spite of this fact, cost and logistical constraints imply that the indoor concentration data are only available in limited settings. To characterize the distributions of exposure and the subsequent risk for different populations, extrapolations from existing studies of indoor and personal exposure to VOCs are necessary. Furthermore, to draw the appropriate conclusions from these extrapolations, particularly for compounds with indoor sources, it is important to have a robust method for determining indoor concentrations for a population.
Indoor residential concentrations are a combination of outdoor contaminants, which infiltrate into the residence, and source emissions of contaminants within the residence. The relative contribution of the indoor versus outdoor sources varies by compound and, for a given compound, may vary with time and among residences. Indoor sources for certain compounds are not found in all the indoor environments. Even when sources are present, emission rates can vary by age of material, temperature, humidity, manner of use and other factors. Air exchange rate will also influence concentrations of indoor-generated contaminants and the infiltration of contaminants in the outdoor air.
A direct approach for estimating the distribution of indoor air concentrations in a new study population is to derive it from the existing field studies, particularly using the Monte Carlo sampling methods. Recently, Loh et al. 2007 and before that Tancrede et al. 1987 estimated risks by applying distributions from reported field studies (Tancrede et al., 1987; Loh et al., 2007) . However, a potential drawback is that there is no way of dealing with influential factors on indoor concentrations that may vary regionally. Instead, approaches in which the existing indoor source indicators are combined with characteristics of the new study population, such as outdoor concentrations or residential volume and air exchange, may be useful in predicting indoor concentration distributions and, thus, are the focus of this paper.
Theoretically, the most effective method for predicting indoor concentrations is to adopt a mass-balance approach, which incorporates outdoor concentrations, air exchange rates, residence volumes and sources within the residence for predicting indoor concentrations. Sources are characterized by source strength estimates, also called source emission rates, which have units of mass per time and can be estimated with the following steady-state mass-balance equation:
where a is the total air exchange rate of the home (1/h), V the volume of the house (m 3 ), I the measured concentration in the residence for the specified compound (mg/m 3 ) and O the measured concentration outside the residence for the specified compound (mg/m 3 ). These models assume that penetration of VOCs from the outdoors is one, as shown in earlier work (Lewis, 1991) , and that losses by reaction are less than losses by air exchange as the time scale of decay is at most 1 Â 10 À3 / h for VOCs from indoors compared with an air exchange rate of 0.1-1 per hour (Finlayson-Pitts and Pitts, 1986) . Source strengths have been calculated for VOCs and reported to a limited extent in some studies (Zhang et al., 1994; Sax et al., 2004; Liu et al., 2006) . In spite of its theoretical appeal, a disadvantage of using the source strength is that it requires residential volumes and air exchange rates to be known, adding both additional expenses and burden to the study collecting the field measurements and also to the modelers applying the data to their study population of interest, as they must find outdoor concentrations, volume and air exchange data representative of their population, for which they would like to estimate the indoor concentration distributions. As a result, measures of source strengths in the literature are more limited than other measures.
More parsimonious source indicators may provide equally effective predictions of indoor concentrations, with the advantage of incorporating data from a greater number of existing field studies. In addition, future field studies could be conducted at a lower cost or with a greater sample size, if the air exchange rate estimates only marginally improve the exposure estimates. Furthermore, a more parsimonious source indicator may be advantageous if a potential uncertainty introduced into the predictions from the air exchange rates overwhelms the effectiveness of the massbalance approach. Air exchange rate estimates rely on several assumptions including that the residence is well mixed and, thus, may be considered unreliable in situations when the residence has multiple zones of air flow, or if the air-flow pattern is predominately unidirectional in the residence (Dietz et al., 1986) .
One candidate parsimonious source indicator that could be used for modeling indoor concentrations is the indooroutdoor difference (I-O). This difference is simply the indoor concentration minus the outdoor concentration, with differences greater than zero indicating the potential presence of indoor sources. This quantity is both easy to measure and to apply, and is presumably not dependent on regional differences in outdoor concentration but only on the impact of indoor sources; however, it does not explicitly consider housing characteristics. The usefulness of this indicator relative to the source strength would depend on the degree to which air exchange and volume vary across homes and can be estimated accurately; in principle, the I-O difference may provide even more precise predictions than the source strength, depending on the reliability of air exchange and volume measures used in the source strength estimates.
Another parsimonious source indicator for quantifying indoor sources often presented in the literature is the indoor/ outdoor (I/O) ratio, in which the measured indoor concentration is divided by the measured outdoor concentration. Pollutants with I/O ratios significantly 41 can be classified as having predominantly indoor sources, whereas those compounds near or less than one can be classified as ambient pollutants. Ratios have been calculated and presented in several existing studies (Edwards et al., 2001; Sax et al., 2004) . They are useful as a unitless metric for making comparisons across compounds within a study. In theory, the strength of the indoor source should influence the degree to which the I/O ratio exceeds one; however, one drawback of the use of the I/O ratios is that they are also dependent on outdoor concentrations. This means that the I/O ratios will be partially dependent on whether or not the home is in an urban or rural location for many compounds, thus potentially impacting its effectiveness in modeling studies. For example, if an I/O ratio is calculated in an area with low outdoor concentrations and then used for predicting indoor concentrations in an area with higher outdoor concentrations, without any explicit adjustment for outdoor concentration differences, the estimates of indoor concentrations increase even though there may not be any additional indoor sources. The benefits of this source indicator are identical to those for the I-O difference, but the I/O ratio should, in principle, yield a less precise estimate of indoor concentrations than either the source strength or the I-O difference owing to its dependency on outdoor concentrations. However, it is included here because it is used widely in the literature.
This study uses indoor and outdoor measurements for 10 VOCs, as well as home characteristics from studies in Los Angeles (TEACH LA, Los Angeles sampling phase of the Toxics Exposure Assessment Columbia-Harvard) and Boston (BEAM, Boston Exposure Assessment in Microenvironment). Using these data, the objectives of this study are to quantitatively compare the performance of three indicators for the estimation of residential indoor concentrations of 10 VOCs in two urban areas assuming that direct indoor measurements were not available. On the basis of the results of this comparison, the first goal is to give recommendations to exposure modelers on the selection of indicators, and the second is to inform indoor air quality studies on the most appropriate reporting.
Methods
This analysis is based on data from two recent field studies: the BEAM study and the TEACH LA study. These studies used similar methods for measuring VOCs both inside and outside participants' residences, but included very different types of homes and home locations. The BEAM study was conducted during the summer of 2004 and the winter of 2005 and included investigations of 55 suburban and urban residences within and surrounding Boston, MA, for a total of 89 sampling visits (Dodson et al., 2007a, b) . The Los Angeles data were collected as part of the TEACH study, which was conducted during the winter and fall of 2000 and consisted of investigations of 41 urban residences in South Central Los Angeles, for a total of 75 sampling visits (Kinney et al., 2002; Sax et al., 2004 Sax et al., , 2006 .
Both the studies included integrated measurements of a suite of VOCs within the participants' residences and just outside their residences over a 48-h sampling period. Formaldehyde and acetaldehyde were collected using coated silica cartridges and analyzed by HPLC following the USEPA Compendium Method TO-11A (Willbury et al., 1999) , as detailed in the respective studies (Kinney et al., 2002; Dodson et al., 2007a) . The remaining VOCs were collected using thermal desorption tubes and analyzed in the laboratory using thermal desorption followed by GC-MS, as outlined by the USEPA Method TO-17 (Woolfenden and McClenny, 1997) . A value of one-half the detection limit was used for all samples negative after blank correction.
Distributions of measured outdoor and indoor concentrations from both studies are presented for each compound in Figure 1 . The median outdoor concentrations were at least two times higher in the TEACH LA study than in the BEAM study. For the majority of compounds, the measured indoor median was larger in the TEACH LA study than in the BEAM study, likely due, in part, to the elevated outdoor concentrations. However, the difference between the two studies was less in the indoor environment than in the outdoor environment, indicating that the contribution from indoor sources was greater for the BEAM study.
This analysis focuses only on a subset of the compounds measured in both the studies. We, specifically, evaluate methylene chloride, chloroform, trichloroethene, tetrachloroethene, 1,4-dichlorobenzene, benzene, toluene, styrene, formaldehyde and acetaldehyde. From an earlier analysis using the TEACH data, chloroform, 1,4-dichlorobenzene, formaldehyde and acetaldehyde are considered to originate primarily from indoor sources, whereas methylene chloride, trichloroethene, toluene and styrene are considered to originate from both indoor and outdoor sources, and tetrachloroethene and benzene from outdoor sources (Sax et al., 2004) .
Steady-state air exchange rates were estimated within each residence using a perfluorocarbon tracer. Specifically, p-methylcyclohexane was released in each residence and allowed to equilibrate for 24 h before an integrated concentration sample was collected using a capillary absorption tube. The capillary absorption tubes were analyzed in the laboratory using thermal desorption followed by GC-ECD as outlined in the USEPA Method IP-4A (Winberry et al., 1990) . Total air exchange rate outliers, defined as 1.5 times the interquartile range of the log-transformed data, were removed from indoor source modeling. We note that the air exchange rates used in this analysis represent simplified calculations compared with the more extensive estimations of the BEAM data presented in Dodson et al., 2007b ; however, in order to be consistent across the available data, a single compartment air exchange rate is used for all residences in this analysis.
Here, Table 1 presents a summary of the characteristics of the residences used in this analysis. In both studies, the majority of the residences were single-family dwellings. However, the residences studied within the TEACH LA study were more homogenous than those studied in BEAM. The size of the residences in the BEAM study were similar to the national average of 369 m 3 (U.S. Environmental Protection Agency, 1997) and larger, on average, than the residences in the TEACH LA study. The estimated air exchange rates were greater in the TEACH LA residences than in the BEAM study, both of which are higher than the mean values in earlier-derived regional distributions (Murray and Burmaster, 1995) .
Methods for Predicting Indoor Concentrations
Source strengths, I-O differences and I/O ratios, collectively referred to as source indicators, were calculated for each compound and for each residence within each case study. Once calculated, distributions were fit to the values within each data set using the Crystal Ball Software (Version 7; Decisioneering, Inc., Denver, CO, USA).
Evaluation of Methods for Predicting Indoor Concentrations
To evaluate the effectiveness of the different methods used for predicting indoor concentrations, we use across-study extrapolation, which is akin to using existing data in the literature and applying it to a new study population of interest. This was done by using calculated source indicators from one study combined with home characteristics from a second study for predicting an indoor concentration distribution for the second study (i.e., using BEAM source indicators and TEACH LA home characteristics for predicting an indoor concentration distribution for the residences in TEACH LA and vice versa). Using the results, we can determine how well the source indicators account for any factors that vary across geographical regions, owing to differences in outdoor concentrations and housing characteristics.
Statistical distributions for the estimated source indicators, measured outdoor concentrations, estimated air exchange rates and measured volumes were fit by the Crystal Ball software using the Kolmogorov-Smirnov goodness-of-fit test for each compound. Selected distributions were restricted to log normal, Weibull and g, and we further considered the sensitivity of our conclusions by using log normal distributions for all inputs. As it was possible for both the I-O difference and the source strength estimates to take on nonpositive numbers, distributions were fit to the positive values, and a binary variable representing the probability that either the I-O difference or source strength was zero was included in the simulations. Using these distributions, indoor concentrations were predicted from 10,000 Monte Carlo simulations using the Crystal Ball software.
Predicted indoor concentration distributions were compared with the actual measured indoor concentration distributions for each analysis using quantile-quantile (Q-Q) plots and D-statistics from the Kolmogorov-Smirnov test. The Q-Q plots visually help to determine whether the two data sets come from populations with the same distribution. It is possible to examine the similarity or dissimilarity of the two data sets across the entire distribution by plotting the quantiles of each distribution against each other. The distributions are equivalent if the resulting curve follows the line y ¼ x. To depict sampling variability, bootstrap Q-Q curves are also presented. The D-statistic Note: ''NA'' indicates data not available.
Distribution statistics for indoor-outdoor differences Dodson et al. from the Kolmogorov-Smirnov test is the maximum distance between the cumulative fraction plots of the two data sets and allows for a quantitative comparison between the two distributions (Conover, 1971) . The smaller the D-statistic, and thus smaller the distance between the two plots, the more similar the two data sets. The Kolmogorov-Smirnov test is insensitive to distribution assumptions and scaling and is, thus, comparable across pairs of distributions.
Correlations of Home Characteristics
Physical models will yield unrealistic results if there is a strong underlying correlation structure in the input data, which is not accounted for appropriately, in applying the model across distributions of input. Furthermore, including correlations in the models will help to understand which, if any, of the correlated factors should be included in model formulation. To understand the relationship between the various indoor source indicators described above and characteristics of home, such as air exchange rate, volume and outdoor concentration, the Spearman correlation coefficients were calculated between each source indicator and the associated input distributions. The correlation coefficients from the source measures study were used in conjunction with the home characteristics of the predicted study in modeling.
Additional Influential Factors
In addition to the home characteristics, such as air exchange and volume, there may be additional characteristics at home or related activities within the home that may impact indoor concentrations. For example, several homes in the BEAM study had attached garages, and it has been shown that this feature may affect indoor residential concentrations for certain compounds (Wallace, 1991; Gordon et al., 1999; Graham et al., 2004; Adgate et al., 2004b; Dodson et al., 2008) . The influence of an attached garage was explored by calculating the three source indicators (namely, source strength, I-O difference and I/O ratio) for only those homes in the BEAM study without an attached garage, and then by comparing the across-study prediction results using these homes with the predictions based on all of the BEAM homes. If the indicators based on the homes without attached garages greatly improve the predictions, future researchers should separate residences before presenting distributional information.
Results

Source Indicators
Source strengths, I-O differences and I/O ratios were calculated for both the BEAM and TEACH LA studies. Selected distributions, as well as parameters characterizing the distributions are presented for each source indicator and home characteristic ( Table 2 ). The distributions were mostly log normal, but some measures and concentrations were fit with the Weibull or g distributions. The source strengths from the BEAM study for 8 out the 10 compounds were larger than those from the TEACH LA study. The I-O differences from the BEAM study were larger than those from the TEACH LA study for the same eight compounds, suggesting a potentially greater absolute source from indoor sources in the BEAM study. The I/O ratios calculated with concentration data from the BEAM study were higher than those calculated from the TEACH LA data. The elevated ratios could be due to lower outdoor concentrations in the BEAM study area and/or a greater amount of sources within the BEAM residences.
Predicted Indoor Concentrations
Comparisons of the measured indoor concentration distributions and the predicted distributions are presented in In general, the source indicators from the TEACH LA study underpredict indoor concentrations in the BEAM study, likely due to the elevated outdoor concentrations and lower relative source measures in the TEACH LA study (Figure 2 and Supplementary Material). The upper Q-Q plots in Figure 2 and Supplementary Figures S1a, b generally lie to the left of the y ¼ x line, indicating that the predicted concentrations are generally less than the measured concentrations. Moreover, the similarity in the plots between the predictions based on the source strength (S) and I-O is noted. From Figure 3 , we can see that the source strength provides the most similar distribution to the measured BEAM distribution for chloroform, toluene, styrene and formaldehyde, only slightly outperforming I-O in all cases. The I-O difference results in the most similar distribution for trichloroethene and acetaldehyde in BEAM, slightly outperforming predictions based on source strength. In all but one of these cases, S and I-O are significantly better than using the ratio. The ratio provides the closest estimation for methylene chloride, tetrachloroethene, 1,4-dichlorobenzene and benzene in BEAM. It is noted that the ineffectiveness of the source strength and I-O difference, especially for tetrachloroethene and benzene, may be a result of the higher probability of zero values used in modeling (see Table 2 ).
In general, the source indicators from the BEAM study overpredict indoor concentration in the TEACH LA study (see Figure 2 and Supplementary Material). The predicted concentrations tend to lie to the right of the y ¼ x line on the Q-Q plots. Moreover, the similarity in the plots between the Distribution statistics for indoor-outdoor differences Dodson et al. 
Indicates which study has the greater median value for the given parameter. Log normal distributions (L) characterized by the geometric mean (GM) and geometric standard deviation (GSD), Weibull (W) and Gamma (G) distributions characterized by location (L), scale (Sc) and shape (Sh). predictions based on the source strength (S) and I-O is noted. Unlike for the BEAM study, the I/O ratio clearly does not result in effective predictions for any of the compounds, except 1,4-dichlorobenzene, as seen in Figure 3 . Instead, use of the source strength results in indoor concentration distributions similar to the measured indoor concentrations in TEACH LA for most of the compounds; the exceptions being methylene chloride, trichloroethene, tetrachloroethene and acetaldehyde, for which the I-O difference is best. However, in general, the source strengths and the I-O differences appear to result in comparatively effective predictions of indoor concentration. Looking at the results from both studies, indoor concentration distributions for 6 out of the 10 compounds were consistently most effectively predicted by the same source indicator. The source strength was consistently the most appropriate predictor for chloroform, formaldehyde, toluene and styrene. The I-O difference was consistently the optimal predictor for acetaldehyde, and the I/O ratio was consistently the most effective predictor for 1,4-dichlorobenzene. Either the source strength or the I-O difference was most effective in predicting the indoor trichloroethene concentration distribution. The remaining three compounds, methylene chloride, tetrachloroethene and benzene, were not consistent across studies.
Incorporation of Correlations in Predictions
We calculated the Spearman correlations between the source indicators and characteristics of the homes and showed whether or not they are positive or negative and also whether they are statistically significant (Po0.05) in Table 3 . Correlation estimates are provided in the Supplementary Material. It is noted that the measured indoor concentration (''Indoor'') is presented although it is not considered a source indicator as defined in this analysis. As expected, the indoor concentrations were positively correlated with outdoor concentrations for all compounds in both the studies. Indoor concentrations were associated negatively with air exchange, as higher air exchange rates will ''flush out'' indoor concentrations. Moreover, the air exchange rate mostly has a negative correlation with the I/O ratios and I-O differences, as expected, for reasons similar to the impact on indoor concentrations. Finally, the I/O ratio is generally correlated negatively with the outdoor concentrations, as expected. Furthermore, the magnitude of the correlation coefficients for benzene and toluene were larger in the BEAM study than in the TEACH LA study, presumably due to the presence of attached garages in the study population and lower outdoor concentrations.
It is also interesting to note the relationship between the source indicators and volume in the BEAM study. In the BEAM study, the homes with attached garages were larger than those without attached garages; therefore, the correlations between the three source indicators and volume were larger. Otherwise, we would not necessarily anticipate that volume would be significantly correlated with any of the source indicators unless larger volume is a proxy for a greater amount of sources within the home. Source strengths were not expected to be correlated with outdoor concentrations or air exchange rates, as these were accounted for in the calculation of source strength; however, we note the positive correlation in the TEACH LA study between source strength and air exchange and hypothesize this may be a result of a greater amount of OH radicals (precursors) being introduced into the indoor environment, thus, influencing the formaldehyde and acetaldehyde concentrations, or that the air exchange rates created a larger concentration gradient within the home and, thus, a larger flux from various sources.
The incorporation of correlations in the Monte Carlo simulations only marginally improved the predictions in both studies (see figure in Supplementary Material). The relative percentage difference between the uncorrelated and the correlated D-statistic allowed us to determine whether there was a difference between the two measures, with a relative percentage difference of at least 15% indicating a difference of interest. When the correlation with the outdoor concentration was incorporated into the BEAM predictions, using the I/O ratio, there was a substantial increase in the D-statistic for methylene chloride. There were no substantial changes in predictions based on the I-O difference. When the source strength distributions were correlated with air exchange rate distributions, there were improvements in the predictions for formaldehyde; and the incorporation of both air exchange and volume in the predictions based on source strength resulted in a substantial improvement in the D-statistic for formaldehyde.
The impact of incorporating correlations on predictions for the TEACH LA study was even less influential. The D-statistic for the predictions using the ratio was higher for formaldehyde, resulting predictions that were worse than those using uncorrelated inputs. The incorporation of the correlation with outdoor concentrations on the difference predictions also resulted in a higher D-statistic for benzene. The impacts of incorporating correlations on the predictions using the source strength were not substantial.
Influence of Distribution Fitting on Predictions
Given that log normal distributions may be more typically reported and applied, we wanted to determine the degree to which our conclusions might differ, using only log normal distributions, as well as the value of information lost using non-optimal distributional fitting. To do so, we obtained the D-statistics using the Kolmogorov-Smirnov test, comparing the predicted versus the measured distributions for both the optimal distributions (log normal, Weibull or g) and when all of the distributions were assumed to be log normal (see figure in Supplementary Material). Using optimal distributions resulted in substantially lower D-statistics for 3 of the 19 possible cases for the BEAM study predictions, in which the TEACH LA source indicator distributions and outdoor BEAM concentration distributions were used. The D-statistics were comparable with only the log normal scenario for the BEAM study in the remaining cases (within 15%). The results are similar for predictions made for the TEACH LA study, with the D-statistics being substantially lower (5 out of 20 cases), using the optimal distributions for both the TEACH LA outdoor concentration distributions and BEAM source indicator distributions. Therefore, we can conclude that the use of optimal distributions (log normal, Weibull and g distributions), especially for skewed data, are more appropriate when reporting concentration and characteristic distributions than when assigning a log normal distribution to all inputs.
Additional Influential Factors
The predictions for the BEAM study using source indicators from all TEACH LA residences, but home characteristics from those residences in the BEAM study without an attached garage, were substantially improved for toluene (I/O ratio) and styrene (I-O difference and source strength). In contrast, the D-statistics were substantially higher for five compounds (two based on the ratio, one based on the difference and two based on the source strength) using the smaller BEAM population without garages, for reasons not immediately apparent. The predictions for the TEACH LA study were improved (11 out of 30 possible cases) by using source indicators from BEAM study residences without attached garages; however, the D-statistics for formaldehyde, and in some cases 1,4-dichlorobenzene, were substantially higher using the subset of BEAM residences without attached garages.
Discussion
As expected, in a majority of cases, the source strength provides the most robust prediction of indoor concentration distributions. In fact, given that the source strength is the only indicator based on a mass-balance model of indoor sources, incorporating home-specific characteristics, such as air exchange and volume, it is perhaps surprising that it was not more effective for a larger number of cases. This is potentially an indication that the measurement error associated with air exchange rates could at times outweigh the benefit of incorporating this evidence.
There are drawbacks in using source strength for predicting indoor concentrations. First, there are limited data available in the current literature on source strengths, thus limiting the data available to develop distributions for future modeling studies. Second, measuring air exchange rates and volumes is an added expense in field studies, although the incremental costs would likely be minimal relative to the total cost of the field study. In addition, to model indoor concentrations for a new study population, distributions of air exchange and volume need to be developed. Although this poses some challenges, it is theoretically feasible to develop distributions of air exchange and volume using data in the literature or using publicly available data. For example, Murray and Burmaster have established air exchange distributions for different regions of the country; however, we note that for both of our study populations, the measured air exchange rates were at the upper end of the distributions of values estimated by Murray and Burmaster (Murray and Burmaster, 1995) . Residence sizes could be obtained from local property assessment offices or real-estate websites.
When only outdoor concentration distributions are available for a new study population of interest, our findings support the hypothesis that the I-O difference would be a more effective predictor than the I/O ratio when predicting across study populations. In most cases, the I-O difference only resulted in a slight improvement over the source strength. Although the ratio was effective for some compounds for the BEAM study, the use of the ratio can result in remarkably imprecise predictions in some cases, as seen in the TEACH predictions. As the ratio is dependent on the outdoor concentration, it is not a method that can be transferable between various geographic areas with differing levels of outdoor concentrations without careful adjustment. Furthermore, our findings indicate that use of the I-O difference is comparable with using the source strength for many compounds.
Earlier work identified compounds originating either in the indoor environment, outdoor environment or a combination of both environments within the TEACH study (Sax et al., 2004) . It is noted that data are consistently presented in the tables and figures according to these groupings. Of those compounds determined to be primarily from indoor sources (chloroform, 1,4-dichlorobenzene, formaldehyde and acetaldehyde), chloroform and formaldehyde were consistently most effectively predicted by the source strength, acetaldehyde by the I-O difference and 1,4-dichlorobenzene by the I/O ratio. 1,4-Dichlorobenzene stands as an outlier in this grouping, with all the other compounds being predicted most effectively by either the source strength or the I-O difference, which are generally comparable with each other. We note, however, that 1,4-dichlorobenzene appears to be a special case of the TEACH LA study, with a dichotomized population with some clear users of 1,4-dichlorobenzenecontaining products and some non-users. As a result, the indoor 1,4-dichlorobenzene concentrations are highly skewed and B10 times higher than those measured in the BEAM study. Owing to outdoor sampler placement, some 1, 4-dichlorobenzene outside the residences may have originated indoors (Sax et al., 2004) . This possibility is suspected because 1,4-dichlorobenzene behaves differently than might be expected from a traditional indoor source compound, which has sources in all or a significant faction of residences. The significant differences between the populations may be the reason this compound does not follow the trend of the other compounds of indoor origin.
The results for those compounds with both indoor and outdoor sources, as well as those earlier identified as originating from mostly outdoor sources were mixed. For most of the compounds in these groupings, the differences between the source strength and the I-O difference were not substantially different from each other. There are more interesting differences between the compounds with regard to the I/O ratio. For 8 of the 12 predictions, the ratio method provides results that are significantly less predictive than the other two methods, whereas for three of the predictions (methylene chloride, benzene and tetrachloroethene predictions of BEAM), it was the substantially better and for the final one (trichloroethene prediction of BEAM), comparable with the other methods. For all of these compounds, indoor sources were more significant in the BEAM homes than in the TEACH homes, and the relative difference in the importance of the indoor sources may have resulted in less consistency in the results for these compounds. Further trends may emerge, with predictions for additional study populations.
Although our conclusions are supported by general physical principles, some limitations need to be addressed. In this study, we have attempted to capture the variability in source measures by using two different data sets; however, additional variability uncontrolled for in the model may exist that is not captured. For example, in our analyses, we have essentially assumed that all residents use their home and products in their homes in the same way; although, in fact, there may be some sociodemographic differences in indoor sources. This cannot be accounted for in these models, unless additional information is gathered. In addition, the source strength and I-O difference were subjected to negative or zero values, whereas the I/O ratio was not. This may result in a slight bias against the source strength and I-O difference.
This study can be improved with further validation. The conclusions are based only on two data sets, and although the data sets were very different, predictive models could be improved and tested for robustness with the inclusion of additional empirical data.
We can make some recommendations for the structure of future studies. This study is aimed not only to motivate exposure modelers in using the most appropriate method for predicting indoor concentrations in a new study population of interest, but it is almost meant to motivate exposure scientists collecting and reporting field data. Empirical studies are encouraged to collect air exchange rates, home volumes and to improve source inventories. These measurements, combined with indoor and outdoor concentration information, can be used in calculating source strengths and to interpret findings. Empirical studies should report distributions of source strengths, if possible, and I-O differences in all cases. Providing both source strengths and I-O differences offers modelers a choice depending on what type of data, namely air exchange and volume, they have for their study population. For 1,4-dichlorobenzene, we encourage studies to identify users and non-users of 1,4-dichlorobenzene products, such as moth repellants and deodorizers and to calculate and evaluate the various source measures for each population sector. This is consistent with the general need to better characterize product formulations and use patterns within residences.
We urge exposure scientists to report the most appropriate distributions and associated parameters for their data, as determined through statistical testing, when presenting their data. Now that many scientific journals allow authors to provide online Supplementary Material associated with their papers, we hope that this motivates researchers to provide all of the appropriate data from their studies for future use in models. In this analysis, we have used a variety of statistical distributions for providing approximate fits to the data. We note that initially log normal distributions were fit to all of the data; however, we found improvements in the predictions if a larger range of distributions were used. On the basis of our findings, we suggest that those reporting results from VOC measurement studies report the most appropriate distribution fits and the associated parameters for the distribution for the estimated source strengths and I-O differences from their data in a manner similar to that presented in Table 2 . This will allow exposure modelers to use their data more effectively and will result in improved predictions of exposures to VOCs in a variety of settings.
Conclusions
Source strength was more effective in consistently predicting indoor concentration distributions in a new study population (4 out of 10 VOC compounds) than the I-O concentration difference (1 out of 10) or the I/O ratio (1 out of 10). The results for the remaining four compounds were mixed. Although the source strength was optimal, relative to the other source indicators investigated in majority of instances (11 out of 20), it requires additional information regarding the study population of interest, including air exchange and volume. If this information is not available, the I-O difference is favored, as it only requires estimates of outdoor concentration distributions for a new study population, and generally was almost as effective as the source strength. The I/O ratio, although it outperforms the other source indicators in limited cases, such as 1,4-dichlorobenzene in both studies and in three other instances in the BEAM study, cannot be recommended given its inability to be applied across regions with varying outdoor concentrations, as seen by dramatically less precise results in many instances. Exposure modelers should consider the information available to them when modeling (e.g., residential volumes and air exchange rates) and use the most appropriate source indicator to predict indoor concentration distributions. To those conducting field studies involving VOCs, we urge reporting of indoor and outdoor concentration distributions, air exchange rates and residential volumes.
